AAE ot20|0jd R 2SS &8st

Team 7/
=A|g| AR O|M Xl O[XH &t of A
2025.10.16

DE Team Project Proposal

DE Team 7

rPOsSTECH




Problem Definition
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Problem Definition
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Objectives
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Why TSFM?
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Model Architecture Univariate/Multivariate | Parameters Data Patch | Loss Probabilistic
Tiny Time Mixers | Non-Transformer | Both 1M 1B Yes MSE No
Timer-XL Decoder Both Unknown 1B Yes MSE No
Time-MoE Decoder Both 2.4B 3098 No Huber No
Toto Decoder Both 103M 1T Yes Neg Log-likelihood | Yes
TimeGPT Encoder-Decoder | Univariate Unknown 100B No Unknown No
Chronos Encoder-Decoder | Univariate 8M, 46M, 201M, 710M 84B No Cross Entropy Yes
MOMENT Encoder Univariate 40M, 125M, 385M 1.13B Yes MSE No
MOIRAI Encoder Both 14M, 91M, 311M 27B Yes Log-likelihood Yes
AutoTimes LLM Both GPT-2, OPT-350M, LLaMA-7B | Same as LLM | Yes MSE No
Timer Decoder Univariate 20M, 50M, 67TM 28B Yes MSE No
TimesFM Decoder Univariate 200M 100B Yes MSE No
Lag-Llama Decoder Univariate 200M 352M No Neg Log-likelihood | Yes
LLMTime LLM Univariate Llama 70B, GPT-3/4 Same as LLM | No Unknown Yes
Time-LLM LLM Both Llama-1 70B, GPT-3 Same as LLM | Yes MSE No
FPT LLM Univariate GPT-2: BERT, BEiT Same as LLM | Yes MSE No
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HO|E =& & A& oo 2f0l
€Y GCP Virtual Machine (Data Lake)
= 88 katka € influxdb

PC2 (?;:a%zzg_kfuoiﬁr?oer Purpose—Built Time Series Database

handling of time- Visualization, Query & Task Engine

PC3 stamped data
PC4

Flux
Broker .
PC5H Query and scripting language
Produce.py
1. OI0|E =% (Source) 3. AAIZFX2] Y HIHE (Real-time processing & Buffering)
v El2l 22 PC 5LH0IM producer.py2 S5l A|AE! X1l G|O|Ef $F v Z2RE9| KafkaZt B&E HI0|HE HIOF Y NOZ 22|
2. OI0|E| ¥& (Data Transmission) 4. AAE XME (Time-series Storage & Query)
v #ZE H0|E AERIS GCP VMU & KafkaZ T4 v KafkaOll CH7|81E HIO|E{Z InfluxDB Al H|O| E{H|O| A0 X%
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DE ot & €At == Oio| 29l
GCP Virtual Machine
93 kafka @ influxdb

l Real-time Data Stream l Historical Data (2 weeks)

Department GPU Server

Real-time Inference RN ..... : -
Inference (GCP VM) Fine—Tuning
Model Training TSFM
: Time Series Foundation Model

1 |

15 Grafana _ |
Visualization / Alerts ....................... Tl’alned MOdel We|ghts

HIO|E{Al I£= (Training Dataset Preparation) 3. AA|ZH GO0 AER|Y (Real-time Data Streaming)
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Data Collection & Pre—processing
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v' Tags: host_id, os
v Fields: cpu_total_pct (float), mem_used_pct (float), net_in_bps (int), net_out_bps (int), missing_mask (int)

v Time: ts(UTC)
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ng & Experiments
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Anomaly Scenario

Use Case 1 Use Case 2
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Demonstration
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Thank you

Thank you for listening to the presentation

Pohang University of Science and Technology

Data Engneering Team 7
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